We propose to estimate mmWave received signal power levels using supervised machine learning and LTE signal measurements in sub-6 GHz bands. Contributions of this paper include 1) introduction of partially blind handovers, 2) demonstration that LTE measurements from sub-6 GHz LTE bands can help improve handover to mmWave frequency bands, and 3) an algorithm to improve handover success rates using an extreme gradient boosting classifier. Simulation results show an improvement of 1.5% in the handover success rate by the proposed method over the baseline method.
I. INTRODUCTION
T HE fifth-generation of wireless communications is believed to adopt the millimeter wave (mmWave) frequencies [1] while other technologies such as LTE or LTE-A Pro "Evolved LTE" can continue to use frequencies in the sub-6 GHz band [2] . As a result, the need for measurement gaps prior to executing the inter-radio access technology (inter-RAT) handover from these prior technologies to 5G persists. The major problem with measurement gaps is that it reduces the perceived end-user throughput because during gaps data transmission ceases and the UE does not tune in to the serving cell [3] . In this paper, we propose a decision point made by the LTE eNodeB prior to sending the radio resource control (RRC) connection reconfiguration message configuring the measurement gap. This is because the cost of a failed handover during a measurement gap is expensive since it can cause a dropped call, an increased packet delay, or low data throughput. All of these are factors that contribute to the dissatisfaction of the end-user about the service or about the wireless carrier as a whole.
The role of self-organizing networks (SON) is to perform adaptive network optimization on a per cell (or even per adjacency) basis. The objective of the SON is to minimize human intervention in planning, optimization, and operation and maintenance activities [4] . With the use cases offered by 5G, it is expected that the role of SON will perform predictions using big data to solve use cases that both WCDMA and LTE SONs failed to solve [5] . In fact, the LTE-A Pro standards already have a technical report that recommends detecting early and late handovers [6] , an action we are proposing here using prediction. This paper suggests making use of the recent measurements from the UE on two technologies so the base station can estimate the received signal power in mmWave band using the sub-6 GHz band measurements combined with machine learning techniques as part of the SON framework.
A. Background

During measurement gaps in LTE (or its variants LTE-A or LTE-A Pro defined in 3gpp releases R10 and R13
respectively), the data bearer transmission ceases so the UE receiver circuitry can measure the different frequency on which the target technology typically operates. In our case, the target technology that the UE aims to measure is the 5G technology (defined in 3gpp Release R15) operating in the mmWave frequency range.
Handovers in fifth generation wireless systems, carried on by the RRC layer [7] , are expected to resemble what LTE-A Pro offers. These handovers can be simplistically grouped into two distinct groups:
-Measured: the UE measures the source cell and, in specific cases, the target cell radio conditions and reports its measurement as an event to the base station. -Blind: the UE has performed an action (other than a UE-reported radio measurement) which triggers the base station to reconfigure the radio bearers to a new cell, which is typically either a new frequency in the same technology, or an inter-RAT.
B. Motivation
Making the handover decision earlier in the handover improves call retainability. Furthermore, moving the responsibility to make the decision for the handover from the UE to the eNodeB allows the UE to save its battery and allows the UE to continue on its session without having to reduce its end-user throughput due to a measurement gap since no uplink or downlink transmissions can be scheduled [7] .
We motivate a channel estimation of the 5G measurements (on mmWave frequencies) depending on the colocated LTE serving cell measurements to create a partially blind handover which will preempt the handover procedure if it is likely to fail due to weak mmWave signal levels without having the UE explicitly measure the mmWave carrier. We call this handover partially blind because its prevention does not require the mmWave frequency measurement during the measurement gap. It is not fully blind arXiv:1710.01879v1 [cs.NI] 5 Oct 2017 because it still requires measuring the target technologies for a certain period of time (we call it the collection period T collection ) to build the training data required for the machine learning algorithms to operate. This period is short enough to minimize channel variability and is therefore less than or equal to the coherence time-the time during which the channel is reasonably time-invariant. The algorithm is reset per UE every time the UE performs an intra-LTE handover.
C. Relevant Prior Work
In [8] , the authors used correlation based adaptive compressed sensing (CBACS) in mmWave to estimate with high-accuracy the CSI particularly the angle of departure (AoD) and angle of arrival (AoA), which are essential for hybrid beamforming. Compressed sensing is justified since mmWave radio frequency waves scatter poorly as they propagate. Their approach decides the CSI by comparing correlations of the received CSI versus the quantized sensing vectors. They obtained higher accuracy without an increase in the training overhead. We occasionally override the need for CSI by allowing the basestation to make the channel estimation judgment on behalf of the UE.
Using orthogonal matching pursuit (OMP), the authors in [9] formulated a sparse signal recovery problem, which exploits the sparse nature of mmWave channels. They performed channel estimation based on a parametric channel model with quantized AoAs and AoDs. They bounded their results by the guaranteed OMP performance as an upper bound and the oracle estimator which assumes perfect knowledge of the AoAs and AoDs. They asserted that estimating the CSI in mmWave with massive MIMO systems is challenging because the signal-to-noise ratio (SNR) before beamforming is low and the number of antennas is generally high. This is an important finding that we overcome in our paper by using measurements from the non-mmWave system to estimate the received signal powers in the mmWave frequency band.
D. Contribution
This letter paper makes the following contributions: • Outlining the partially blind handover as opposed to the 3gpp-predominant network-controlled handover and simulating its behavior as a channel estimator. • Devising an algorithm that implements the partially blind handover using an XGBoost classifier. • Demonstrating that information from other technologies proves helpful in improving the handover success rates to mmWave frequency bands.
E. Paper Organization
Key assumptions are discussed in Section II. The network represented using stochastic geometry and machine learning parameters are in Sections III and IV respectively. The algorithm is discussed in details in Section V. We show our parameters and simulation results in Section VI. Finally, we show our conclusions in Section VII.
F. System Description
This system comprises two components: 1) Two colocated omni-directional cells in an outdoor setting in a dense-urban environment with many users distributed in their serving area according to a Poisson point process. 2) A machine learning algorithm using extreme gradient boosting (XGBoost) to override the handover decision if needed based on the estimation inferred using the history of the handover successes in that cell for that user.
II. KEY ASSUMPTIONS
We make the following assumptions for the model to be valid:
• The collection period T collection is the period required to generate the training data for the machine learning model and is equal to the channel coherence time. • The physical layer of both 5G and LTE radio access technologies are similar in all details except for the frequency band. • Inter-cellular interference is assumed without loss of generality to be zero for simplicity of the model and the computations.
III. NETWORK
The network comprises a single small cell with a radius r circle in a dense urban setting. This small cell operates three different technologies running on different frequencies.
With the use of stochastic geometry, we are allowed to distribute the users in the network according to a homogeneous poisson point process (PPP) with a parameter λ = Cπr 2 users on average with C = 2 × 10 −4 .
where we have used √ u i to reduce the number of UEs close to the center of the base station placed at the origin. Fig. 1 shows the layout of the PPP and the single base station. As in any wireless network with mobility support, we also have handovers to facilitate service continuation as the user reaches to edge of application coverage [10] . Figure 2 shows the simplified procedure through which a handover is prepared and executed. New Radio (NR) is the fifth-generation base station. Trigger point A is where the handover attempt is stepped and Trigger point B is where the handover success is counter stepped. Core Network involvement in handovers is overlooked.
Industry standards [7] specify that when the UE measures reference symbol received power (RSRP) of a cell which is worse than a threshold, it triggers RRC event A2. This allows inter-RAT measurements to start for this UE. 
IV. MACHINE LEARNING
Extreme gradient boosting (XGBoost) is a scalable ensemble learning technique discussed in details in [12] . We have chosen XGBoost because it can perform parallel computing therefore making this model more suitable for real applications involving distributed base stations. Furthermore, it is invariant to input scaling or normalization and can learn higher order interaction between features.
The m × n matrix of learning features Float RSRP in the mmWave band (or 5G) Gap_Closed
Boolean Has the gap been closed (i.e., is the RSRP in LTE improved enough to trigger event A1 after being opened?) Gap_Open
Boolean Has the gap opened (i.e., is the RSRP in LTE low enough to trigger event A2?) listed in Table I where n is the number of features and each feature x i is an m-dimensional vector obtained during the measurement collection period. The supervisory label vector is y. The supervisory label is an integer with 0 being handover not executed and 1 being executed. The measurement collection period is represented by the training-test ratio of 70-30.
V. ALGORITHM
The algorithm we propose in this paper is shown in Algorithm 1. The decision of whether to accept the UE measurement or override it is based on receiver operating characteristic area under the curve (ROC AUC) value.
Algorithm 1 Handover success estimation
Input: Parameters listed in Table II Obtain the generated simulation data for UE i at all times t = 0, . . . , Tcollection, which are the features X listed in Table I . 5: Compute the handover success of this UE: # executed/ # gaps opened, which is the supervisory label [y]i for UE i.
6:
Split UE i data to training data and test data. Training data is collected over a period Tcollection < Tcoherence.
7:
Train the XGBoost model using the training data. 8: Using the trained model obtain the proposed handover execution decisionŷ. 9: Obtain the AUC of the ROC curve for this model 10: if (ROC AUC ≥ 0.7) then 11: Useŷ as a valid estimate of handover execution decision. 12: else 13: Continue to use the UE reported measurements. 14 baseline radio environment parameters are in Table II and the machine learning parameters are in Table III . We only showed an arbitrarily selected UE out of the λ simulated users. The simulation time was run for 40 ms or 4 LTE frames. With a 70% of the data being training data, the T collection is 28 ms as shown in Figure 4 . 
VII. CONCLUSION
In this paper, we proposed the use of machine learning in predicting handovers and overriding the UE measurement using data collected within the coherence time. Under the constraints and assumptions listed, the proposed contribution can improve the handover success rate, therefore keeping sessions connected for longer time periods-an important self-organizing network improvement.
APPENDIX -CODE
The simulation code can be found on GitHub [14] . 
